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Abstract. All sky imager (ASI) based nowcasting system can provide spatially and temporally highly resolved solar 
irradiance information for the next minutes ahead. Nowcasts, which capture the intra-hour variability of the incoming 
downward shortwave solar irradiance, have the potential to optimize the operation of solar power plants as well as 
electrical grids. Such automatized optimizations require a deep understanding of the accuracy in the nowcasting system at 
any given moment. State of the art validation procedures of ASI based nowcasting systems use scalar error metrics 
without regards to the actual weather conditions. Yet, the performance of nowcasting systems varies strongly with the 
prevailing weather conditions. Deviations increase for more complex and variable conditions, for which it is more 
challenging to detect and model the clouds in the sky. Thus, depending on the used data set such validation results may 
not be meaningful to describe the expected accuracy in realistic and individual optimization situations. A novel validation 
procedure is presented in this work, which discretizes the validation data set in distinct temporal DNI variability classes. 
Individual error metrics are determined as function of the lead time and DNI variability class. This approach is applied 
for a two ASI based nowcasting system as operated on five distinct sites distributed in Spain, Portugal and Germany, 
over a combined period of more than 4.5 years. The obtained validation results emphasize that the novel classification 
method enables a comparison in nowcast performance between the sites despite of distinct local meteorological 
conditions. The presented method allows the estimation of the overall accuracy of nowcasting systems at a new site if 
DNI data in 1 min resolution are available.   
INTRODUCTION  
Direct normal irradiance (DNI) can be highly variable in space and time, even for small time intervals such as 
15 min and within the area of a solar power plant. This spatial and temporal variability complicates the operation of 
concentrating solar power plants. For highly variable conditions, set temperatures might not be reached or even 
worse, they might be exceeded temporarily, which could cause emergency defocus incidents. Overall, such issues 
lead to a lower electricity production. Spatially resolved DNI information and its prediction for the next 15 min can 
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be used to improve plant operation significantly in terms of efficiency and lifetime [1-2]. Nowcasting systems 
consisting of all sky imagers (ASI) can determine current and future irradiance maps required for this optimization. 
The common principle of such nowcasting systems [e.g. 3-5] is to take photos of the complete sky in which clouds 
are detected. Using several cameras, the cloud height above the ground can be detected by stereo photography or 
similar approaches [e.g. 6-7]. This information allows computing cloud shadow maps which can be enhanced to 
DNI maps with local DNI measurements or clear sky models. The cloud movement is tracked in image series in 
order to predict future cloud positions and the corresponding DNI maps. For all these evaluation steps, a variety of 
different methods is available from the literature. In this work, we present the overall evaluation setup which is 
based on previously published step wise benchmarks for the cloud detection [8], cloud-transmittance [9], cloud-
height and cloud-velocity determination [10]. In [9] the overall DNI nowcast quality of the used nowcasting system 
was validated according to the procedure described in [8]. For a validation period of 2 years (2016 and 2017) and a 
lead-time of 10 minutes the nowcasting system reached an overall RMSD, MAD, bias, and skill score of 21%, 13%, 
5%, and 7%, respectively. This validation campaign was performed at CIEMAT’s Plataforma Solar de Almería 
(PSA). Considering these error metric results, it is necessary to take into account that they show only the overall 
deviations over the entire data set. However, the nowcasting performance strongly varies with the prevailing weather 
conditions [11], which makes such overall results less meaningful. 
Thus, for the application of ASI nowcasting systems it is essential to know its performance under all relevant 
atmospheric conditions at the site of interest. Therefore, the ASI based system was tested at five different sites using 
more than 4.5 years of data. The results of the performance evaluation are analyzed for different atmospheric 
conditions and presented in this work. To the best of our knowledge this is the by far most extensive validation of an 
ASI based nowcasting system performed up to now.  
ALL SKY IMAGER SYSTEM SETUP  
The investigated nowcasting systems use two ASIs, mounted in a distance between 500 m and 2 km from each 
other. Mobotix Q24 and Q25 of the shelf surveillance cameras with fisheye lenses are utilized as ASIs (see Fig. 1 
(left)). Every 30 seconds, new sky images with a 3 MP or 6 MP resolution are taken. An example all sky image of a 
Q25 ASI is depicted at Fig. 1 (right).  
 
FIGURE 1. (Left) Mobotix Q25 all sky imager at La Africana parabolic trough power plant site (south Spain); (Right) all sky 
image from Q25 camera. 
Table 1 lists the used camera setups for the distinct nowcasting sites. Apart from the ASIs the nowcasting system 
needs access to DNI measurements from at least one Ground based sensor (e.g. pyrheliometers or rotating 
shadowband irradiometer). This DNI sensor should be located directly next to one of the ASIs.   
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Latitude: 37.0939° N; 
Longitude: 2.3590° W  




Latitude: 37.7548° N; 
Longitude: 5.0576° W  
Q25 1910 m 6 MP 2 1 <2 m 
Évora 
(Portugal) 
Latitude: 38.5307° N; 
Longitude: 8.0053° W 
Q25 680 m 6 MP 1 1 <5 m 
Jülich 
(Germany)  
Latitude: 50.9134° N; 
Longitude: 6.3874° E 
Q25 733 m 6 MP 2 2 210 m 
Oldenburg 
(Germany)  
Latitude: 53.1474° N; 
Longitude: 8.2077° E 
Q25 1340 m 6 MP 3 3 3870 m 
All five sites use the same image processing software to generate the nowcast. A new set of nowcast results is 
created with each image series. These nowcast results consist of DNI maps with a spatial resolution down to 5 m for 
an area of up to 64 km² and lead times up to 15 minutes ahead. Sixteen DNI maps are created for each evaluated 
image series with lead times from 0 to 15 minutes ahead in one minute steps. Figure 2 illustrates a DNI map within 
the virtual modeling space with the corresponding cloud models and the marked positions of the ASIs.  
One of the key features of the nowcasting system is that each detected cloud is treated as an individual object 
with distinct attributes such as geolocation, motion vector and transmittance. This enables also a description of the 
conditions by the nowcasting system during complex but frequent multi-layer conditions. The entire image 
processing of the nowcasting system is divided into eight distinct processing steps:  
1. Clouds are segmented by means of 4-D clear sky library (CSL), accounting for different atmospheric 
conditions as described in [12] and [8].  
2. Geolocation of the clouds is identified by a stereo photography block correlation approach with difference 
images. Detected clouds are modelled within a 3-D virtual modeling space [10].  
3. Cloud motion vectors are identified from three sequential image series by a block correlation approach with 
difference images from a single ASI [10].  
4. Future cloud positions are generated by displacing the cloud models inside a virtual modeling space [13].  
5. Cloud transmittance properties are measured only for a few clouds, which shade ground based DNI 
measurement stations. The remaining cloud objects receive transmittance estimations according to their 
height, results of a probability analysis with historical cloud height and transmittance measurements as well 
as recent transmittance measurements and their corresponding cloud height [9].  
6. Cloud shadows are projected to a topographical map with ray tracing [13].  
7. Shadow projections are combined with the ground based irradiance measurements and the cloud 
transmittance properties to spatial DNI maps [13].  
8. Real time uncertainties of the nowcasting system are determined [14].  
The image processing of the nowcasting system is real time capable with an average processing time of 12 seconds 
per image series, conducted with a common desktop PC (8x3.6GHz Intel Core i9-9900K, 2x16GB DDR4-2666 and 
PNY Quadro RTX 4000 8GB GDDR6).  
 
FIGURE 2. Virtual modeling space with cloud models and topographical map around PSA with spatial DNI information. 
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PERFORMANCE VALIDATION AT FIVE DIFFERENT SITES  
In the following section the used validation methodology that considers different atmospheric conditions is 
presented. Subsequently the results of the validation for distinct sites are presented and discussed.  
Description of the Used Validation Method Considering Distinct Atmospheric Conditions  
The performance of ASI based DNI nowcast depend on the prevailing atmospheric conditions. Uncertainties will 
increase during conditions with a high DNI variability and drop under stable conditions with a low variability [14]. 
Therefore, depending on the selected data set, comparatively high or low error metrics are found. Thus, the 
comparison of different nowcasting systems and sites is not possible without consideration of the atmospheric 
conditions. Consequently, in this work the DNI variability is analyzed and classified at any time.  
The used DNI variability classification procedure is based on [15] with the adaptations according to [14] using 1 
min DNI values over the last 15 minutes. The variability classes describe conditions ranging from clear sky (class 1) 
to completely overcast (class 8). The higher the class number, the more frequent and the less transparent are the 
clouds. Table 2 lists a short description for each of the 8 classes.  
TABLE 2. Description of DNI variability classes  
Class General description of temporal DNI variability 
1 Clear sky conditions with low temporal DNI variability and very high clear sky index 
2 Almost clear sky with low temporal DNI variability and high clear sky index 
3 Almost clear sky with intermediate temporal DNI variability and high/intermediate clear sky index 
4 Partly cloudy with high temporal DNI variability and intermediate clear sky index 
5 Partly cloudy with intermediate temporal DNI variability and intermediate clear sky index 
6 Partly cloudy with high temporal DNI variability and intermediate/low clear sky index 
7 Almost overcast with intermediate temporal DNI variability and low clear sky index 
8 Overcast with low temporal DNI variability and very low clear sky index 
Each time stamp of the validation data sets is discretized in one of the eight classes. Ground based DNI 
measurements in 1 min resolution are used for the classification as well as reference signals for the validation.  
Mean absolute deviations (MAD) and root mean square deviations (RMSD) discretized over the DNI variability 
classes are calculated according to the equations 1 and 2.  
 𝑀𝐴𝐷 ∑ 𝑌 𝑌  (1) 
 𝑅𝑀𝑆𝐷 ∑ 𝑌 𝑌
.
 (2) 
𝑌  represents the reference and 𝑌  the corresponding nowcasted DNI value from the DNI maps. The index 𝑖  
enumerates all time stamps which belong to the same DNI variability class and nc is the number of time stamps used 
for the validation. Average error metrics are calculated for sites with more than one reference station.  
Presenting Validation Results  
The validation data set includes more than 4.5 years of sky images distributed over the five sites. Table 3 lists the 
used validation periods.  
TABLE 3. Validation data set periods for five sites.  








42 days between 
16.05.2017 and 
05.03.2018 
86 days between 
02.04.2019 and 
15.07.2019 




Figure 3 shows the DNI variability class distribution corresponding to the validation period for the five sites. 
Both Spanish sites (PSA and La Africana) show a similar DNI variability class occurrence with around 60% of the 
data within clear sky conditions (class 1 and 2) and around 20% within overcast conditions (class 7 and 8). Évora the 
third site located at the Iberian Peninsula shows also a highest occurrence for the clear sky conditions class 1 and 2.  
The German sites Oldenburg and Jülich are unsurprisingly dominated by highly clouded and often even overcast 
conditions (class 6, 7 and 8). It must be taken into account, that the PSA and La Africana data sets include at least 
one or multiple meteorological years, whereas the sites Évora, Oldenburg and Jülich include only subsets of a 
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meteorological year. The corresponding average DNI discretized over DNI variability classes is listed in Table 4. 
Significant deviations are visible between the average DNIs from the Iberian Peninsula and Germany when 
considering all data. However, the average DNIs within the individual classes are quite close to each other. For the 
remaining deviations within the classes, it should be taken into account that the distinct sites correspond to their 
local conditions with distinct aerosol and cloud distributions. Furthermore, the different distribution of seasons 
within the datasets may also have some influence.  
 
 
FIGURE 3. Distribution of occurred DNI variability classes over the validation period for the 5 distinct sites.  
TABLE 4. Average DNI over the corresponding validation period as measured by one pyrheliometer or rotating shadowband 
irradiometer at each site discretized over the DNI variability classes.  
  Class 1  Class 2  Class 3  Class 4  Class 5  Class 6  Class 7  Class 8  All data 
PSA 895 W/m² 719 W/m² 718 W/m² 600 W/m² 506 W/m² 366 W/m² 137 W/m² 11 W/m² 613 W/m² 
LaAfricana 908 W/m² 779 W/m² 725 W/m² 600 W/m² 541 W/m² 348 W/m² 162 W/m² 10 W/m² 622 W/m² 
Évora 886 W/m² 704 W/m² 725 W/m² 611 W/m² 512 W/m² 398 W/m² 155 W/m² 14 W/m² 592 W/m² 
Oldenburg 757 W/m² 735 W/m² 708 W/m² 600 W/m² 522 W/m² 318 W/m² 120 W/m² 3 W/m² 363 W/m² 
Jülich 847 W/m² 708 W/m² 646 W/m² 526 W/m² 522 W/m² 296 W/m² 131 W/m² 5 W/m² 345 W/m² 
Overall error metrics discretized over DNI variability classes and lead time are given in Fig. 4. As expected, the 
deviations increase as the lead time increases. Furthermore, a clear dependency is visible between the deviation 
amplitude and the DNI variability classes. The tendency is for all sites the same. The lowest deviation is found for 
clear skies (class 1), which is predominantly defined by a low variability and a high clear sky index. As the DNI 
variability increases also the deviations increase, with the highest deviations for the highly variable conditions 
(classes 4 and 6). Class 8 for overcast cases represents low DNI variability conditions, which is also reflected by 
comparatively low deviations. Yet, the deviations are notable higher for class 8 compared to class 1, as the 
nowcasting system is more prone in overseeing existing clouds rather than to falsely detecting clouds in a clear sky.  
A key finding from Fig. 4 is that the spread between the deviations for different sites within a given class is low 
compared to the spread between different classes in most cases. This corroborates the applicability of the new 





FIGURE 4. Overall MAD and RMSD for the 5 sites distributed over DNI variability classes and lead time. 
 
Depending on the site the DNI variability classes 1, 2 and 8 are the most frequent. As previously stated these are 
also the classes with the lowest DNI variability and lowest observed deviation. Therefore, these classes may 
dominate the overall deviations when not considering DNI variability classes. Such overall deviations without 
consideration of the DNI variability classes can be determined by combining the relative occurrences of the distinct 
classes from Fig. 3 with the class dependent deviations from Fig. 4. In Fig. 5 it is visible that these overall deviations 
without consideration of the DNI variability classes are lower than the devaitions in more variable conditions as 
described by the classes 3 to 7. The nowcast accuracy in less variable cases is higher than for this overall result from 
Fig. 5.  
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FIGURE 5. Overall MAD and RMSD without consideration of the DNI variability classes for the 5 sites over lead time 
From Figure 4 a clear dependency between deviations and DNI variability classes is visible. However, 
significant fluctuations in performance exist between distinct days from the same site within the same class. This 
becomes apparent when for each day and class error metrics are calculated individually. Figures 6 to 10 shows the 
distribution of MAD between all days and classes as box plot describing the 25 and 75 MAD percentiles. 
Furthermore, the median and mean MAD is shown. The mean MAD resembles the overall MAD from Fig. 4 with 
some minor deviations. The minor deviations result as each day is equally weighted for the mean MAD. Also visible 
are considerable deviations in 25 and 75 MAD percentiles between the distinct sites.  
These fluctuations in performance between the days as well as between the sites, indicates that the DNI 
variability classification does not consider all relevant factors that affect the nowcasting performance. This includes 
the solar zenith angle, cloud height, cloud type and cloud speed [9 & 14].  
A further influencing factor on the performance is the used camera set up. Especially the image resolution and 
the distance between the cameras have a significant impact on the cloud height detection [16], which is one of the 
key processing steps. Different ideal camera distances exist, depending on the predominant cloud height and image 
resolution. For example [16] determined an ideal camera distance of 1500 m for the PSA with the 3 MP sky images 
from Q24 cameras. The used setup at PSA with a camera distance of roughly 500 m is suitable for low layer clouds 
but will result in increased uncertainties in middle and high layer clouds due to under-sampling effects.  
Local meteorological conditions have to be considered as well, when comparing the nowcast performance 
between distinct sites. For example complex multi-layer conditions are more error prone than single-layer conditions 
with low layer clouds (e.g. cumulus clouds). Worth mentioning are the conditions at the PSA. The PSA is less than 
30 km away from the Mediterranean see and surrounded by the four mountain ranges Sierra de Gádor, Sierra 
Nevada, Sierra de los Filabres and Sierra Alhamilla. These geographical circumstances often lead to fast changing 
complex conditions with a scattered cloud cover of multiple layers. Therefore, it comes as no surprise that the 
strongest fluctuations in nowcast performance are observed for the PSA. The lower camera resolution at PSA 
compared to the other sites might also contribute to this observation. In the meanwhile the cameras at PSA where 
replaced by the newer 6 MP models. 
 
FIGURE 6. Daily MAD distribution at PSA as function of lead time and discretized over DNI variability classes  
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FIGURE 7. Daily MAD distribution at La Africana as function of lead time and discretized over DNI variability classes  
 
 
FIGURE 8. Daily MAD distribution at Évora as function of lead time and discretized over DNI variability classes 
 
 
FIGURE 9. Daily MAD distribution at Oldenburg as function of lead time and discretized over DNI variability classes 
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FIGURE 10. Daily MAD distribution at Jülich as function of lead time and discretized over DNI variability classes 
CONCLUSION  
Nowcasts derived from sky images of more than 4.5 years distributed over 5 sites were validated. All five sites 
were equipped with two ASIs and used the same image processing software to generate DNI nowcast. DNI maps 
with an edge length of 8 km and lead times up to 15 minutes ahead were created. The camera set ups differ among 
the sites with regards to the spacing in between the cameras, from roughly 500 m up to roughly 2 km. Furthermore, 
Mobotix Q25 cameras with an image resolution of 6 MP were used in four sites, only at PSA Mobotix Q24 cameras 
with 3 MP resolution were used.  
For each site one to three reference ground based DNI sensor were used for the validation. DNI measurements 
gathered by the ground based sensors were compared to the corresponding DNI nowcasts from the DNI maps. The 
validation data sets were discretized in eight distinct DNI variability classes from clear sky to overcast, in order to 
enable a comparison among the different sites. A direct comparison of single error metrics corresponding to the 
entire data set of each site is not helpful, as the performance of the nowcasts is highly dependent on the chosen data 
set and the corresponding ambient conditions.  
Therefore, MAD and RMSD values were determined as function of the nowcast lead times as well as the DNI 
variability classes. The same tendency is visible at all sites, with the lowest deviations at conditions with DNI 
variability class 1, which represents clear sky conditions. All sites show the highest deviations for DNI variability 
classes 4 and 6. These classes represent a partly clouded sky with a high temporal DNI variability and an 
intermediate to low clear sky index. Class 6 represents more frequent and less transparent clouds compared to class 
4. Under overcast conditions (class 8) the deviations drop again significantly. Similar to class 1 class 8 represents a 
low temporal DNI variability. Yet, deviations are lower for class 1, as the used nowcasting system is more prone to 
overseeing existing clouds than to erroneously detecting clouds in a clear sky.  
The nowcast validation results for different sites within each class are close to each other compared to the spread 
of the validation results for different classes. The inclusion of the DNI variability classification represents a clear 
improvement compared to the state of the art validation methods with singular error metrics without regards to the 
ambient conditions. The presented method allows the estimation of the overall accuracy of nowcasting systems at a 
new site if DNI data in 1 min resolution are available.  
However, the discretization of the data set in eight temporal DNI variability classes does not take into account all 
effects that have an influence on the nowcast performance. This can be seen by the fluctuations of the nowcast 
performances within distinct days. Other effects not taken into account by the DNI variability classes include solar 
zenith angles and cloud heights. Cloud speed and cloud types are included only implicitly by their impact on solar 
variability. Furthermore, complex multi-layer conditions are by far more challenging compared to single-layer 
conditions with low layer clouds. Finally, physical limitations which arise from the used image resolution and 
distance in between the cameras have to be considered. Therefore, we conclude that the comparison of nowcasting 
systems at different sites remains a difficult task, even when structurally identical systems are compared and a 
quantification of the meteorological state of the atmosphere is taken into account (as in this case). When different 
nowcasting systems are benchmarked against each other, it is recommended to operate all systems in parallel at the 
same site, to avoid the above mentioned difficulties.   
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We would like to point out that ASI based nowcasting systems can be used effectively for various applications 
despite the partly significant uncertainties. According to the studies [2 and 17] the accuracy of the ASI system for 
lead time 0 min is high enough to allow for a significant yield increase of ~2% for parabolic trough plants by using 
spatially resolved DNI data. Similar optimizations may also be possible for solar tower plants. We expect further 
yield improvements when nowcasts (predictions) are implemented for the operation of solar plants. 
Furthermore, it is expected that complementary and redundant information/measurements of the atmospheric 
conditions could increase considerably the accuracy and reliability of nowcasting systems. A network of 34 ASIs 
and various ground based solar irradiance measurement stations as well as ceilometers is currently being established 
in and around the city of Oldenburg. All available information within the network are brought together for global 
horizontal irradiance (GHI), global tilted irradiance (GTI), DNI and photovoltaic feed-in nowcasts with advanced 
accuracy and extended forecast horizons over an area of roughly 110 km x 100 km [18]. 
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